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Abstract
With shared mobility services becoming increasingly popular and vehicle automation tech-
nology advancing fast, there is an increasing interest in analysing the impacts of large-scale 
deployment of shared automated vehicles. In this study, a large fleet of shared automated 
vehicles providing private rides to passengers is introduced to an agent-based simulation 
model based on the city of Amsterdam, the Netherlands. The fleet is dimensioned for a 
sufficient service efficiency during peak-hours, meaning that in off-peak hours a substan-
tial share of vehicles is idle, requiring vehicle relocation strategies. This study assesses the 
performance of zonal pro-active relocation strategies for on-demand passenger transport 
under constrained curbside parking capacity: (1) demand-anticipation, (2) even supply dis-
persion and (3) balancing between demand and supply of vehicles. The strategies are ana-
lysed in regard to service efficiency (passenger waiting times, operational efficiency), ser-
vice externalities (driven mileage, parking usage) and service equity (spatial distribution of 
externalities and service provision). All pro-active relocation strategies are outperformed 
by a naïve remain-at-drop off-location strategy in a scenario where curbside parking capac-
ity is in abundance. The demand-anticipation heuristic leads to the highest average wait-
ing times due to vehicle bunching at demand-hotspots which results in an uneven usage 
of parking facilities. The most favourable results in regard to service efficiency and equity 
are achieved with the heuristics balancing demand and supply, at the costs of higher driven 
mileage due to the relocation of idle vehicles. These results open up opportunities for 
municipalities to accompany the introduction of large fleets of shared automated vehicles 
with suitable curbside management strategies that mitigate undesired effects.
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Introduction

The development of technology for automatically driven vehicles is progressing fast. This 
raises not only questions about the impact of fully automated vehicles (AV) on future 
mobility and traffic patterns, but also on their impact on the existing infrastructure. High 
degrees of vehicle automation allow the introduction of vehicles that drive autonomously, 
which can thus be shuffled from one place to another without having a human on-board. 
This opens up new opportunities in the field of car-sharing, in which currently one of the 
main challenges is to balance the supply of car-sharing vehicles with the demand for them. 
In this paper, we analyse the performance of a large fleet of shared automated vehicles 
(SAV). Such cooperative fleets bring new challenges to the operators and regulators of 
such mobility services, as they neither follow fixed schedules nor fixed routes. One of these 
challenges is the question, how to deal with idle vehicles whose services are currently not 
required. This is especially a pressing issue in off-peak hours, when larger number of idle 
vehicles need to be managed. The focus of this study is put, in particular, on strategies 
for relocating idle SAV, and how these influence the performance of the transport service 
offered by SAV, as well as the consumption of parking space and the overall mileage driven 
by the SAV. The constraints caused by the scarcity of parking space is an issue often over-
looked in past studies simulating the operation of SAV or similar on-demand transport ser-
vices with unlimited parking facilities, despite the substantial impact such constraints have 
on the performance of such a service.

The SAV transport service in this paper is envisioned as an on-demand transport service 
operated by a fleet of automated vehicles that require no human intervention (level 5 auto-
mation; or level 4 automation if only operated on a selection of suitable roads). In coun-
tries with high labour cost, on-demand systems are currently either highly subsidized (and 
often limited to users with special needs or those living in remote areas) or expensive (and 
primarily used by strong socio-economic groups), with operating costs often more than 
three times higher than for schedule-based transit services (Anderson et al. 2014; Wright 
et al. 2014). By deploying AV, flexible door-to-door services could be implemented on a 
larger scale at much lower costs, which could become an important enrichment of the cur-
rent schedule-bound public transit services. Another advantage of SAV is, that—differing 
to on-demand transport services operated by human drivers (e.g. ride-sourcing)—vehicles 
can be programmed to fully comply with the central dispatcher’s orders and can relocate 
themselves accordingly (Zhang et al. 2016), and that vehicles belonging to the same fleet 
are not competing against each other for revenue. The results of the model analysis in this 
study would also hold for any non-automated on-demand transport service strictly follow-
ing the advice of the central dispatcher.

For an on-demand system operated by SAV to have sufficient spatial coverage and 
level-of-service, large fleets of AV have to be employed, as various simulation studies 
have shown (Alonso-mora et al. 2017; Bischoff and Maciejewski 2016a; Chen et al. 2016; 
International Transport Forum 2015). In these studies, thousands of shared AVs have been 
introduced to serve demand in large cities. Their search for the appropriate fleet sizes is 
mainly driven by targets concerning the level of service, most commonly expressed in pas-
sengers’ waiting times and/or trip times, either as an average or in terms of a minimum 
level of service. By setting these kinds of boundary conditions, fleet sizes are dimensioned 
to cater for the maximum demand occurring during peak hours. Consequently, there will 
be idle vehicles during off-peak hours, which can either be “stored” on the road network 
by letting the vehicles cruise empty or park on on-street parking facilities, or be sent to 
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off-street parking facilities (depots). The problem of the relocation of idle vehicles in the 
operation of large fleets of vehicles is one of the central challenges and a potential barrier 
for the introduction of large-scale shared on-demand transport services, be it for conven-
tional taxi services or services operated by SAV (Babicheva et al. 2018; Dandl and Bogen-
berger 2019; Sayarshad and Chow 2017; Winter et al. 2017).

In this paper, idle vehicle relocation is not regarded solely as a supporting step to an effi-
cient vehicle dispatching, but also as a means to manage idle vehicles not in use according 
to principles reflecting all stakeholders’ interests. With this vision on vehicle relocation, 
we move from the question on where to simply “store” idle vehicles on to the question, 
how vehicle relocation can effectively improve the service operation of a fleet of vehicles 
while mitigating undesired external effects caused by the service. In particular, the perfor-
mance of three heuristics for the proactive relocation strategies Demand Anticipation, Sup-
ply Anticipation and Demand–Supply Balancing is tested. These relocation strategies are 
compared in three aspects for selected key-performance indicators: (1) performance of the 
SAV system, (2) external effects and (3) service equity provided by the SAV system. The 
relocation strategies are simulated for this analysis in an agent-based simulation model of a 
large-scale case study based on the city of Amsterdam, the Netherlands. The main contri-
butions of this study can be summarized by the following:

•	 Comparison of three pro-active relocation heuristics for shared automated vehicles 
under parking constraints.

•	 Introducing a fleet of shared automated vehicles into an agent-based model for a large-
scale case study based on the city of Amsterdam.

•	 Holistic impact analysis of SAV in regard to service efficiency, service provision equity, 
and service externalities.

The remaining of this paper is structured as follows: In "Relocating shared auto-
mated vehicles" section, the problem of vehicle relocation for shared automated vehicles 
is described in more detail and approaches to this problem as described in the literature 
are discussed, and the three relocation strategies tested in this study are defined. In "Case 
study application" section, the modelling environment, the description of the network, the 
demand and the supply for SAV are described. In "Results" section, the simulation results 
are presented and analysed according to the impact criteria stated above. The paper is con-
cluded with "Discussion and conclusion", which provides a discussion of the results and an 
outlook on future research.

Relocating shared automated vehicles

Problem description

In Fig.  1, a schematic overview is given of the chain of operations necessary for the 
deployment of SAV: vehicle dispatching, vehicle routing, and vehicle relocating. Vehi-
cle routing and vehicle dispatching are integral steps of the operation of SAV. Vehicle 
relocation, however, is an optional step, as it can be alternatively decided to only move 
the vehicle from its latest passenger drop-off location to the next passenger pick-up loca-
tion once the vehicle has been dispatched to a new request (which can occur instantly 
in case there is a queue of unserved requests). However, adding the additional step of 
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relocating the vehicle to a strategically chosen parking location can potentially improve 
the overall performance and level-of-service. Furthermore, it would also be essential 
for operating real-world SAV systems due to limited parking facilities in urban environ-
ments. This is especially true in times where there is little demand for the service, e.g. 
during off-peak hours, which results in an oversupply of vehicles.

The relocation of idle vehicles has been described by the Empty Vehicle Redistribu-
tion Problem, which falls in the category of Vehicle Routing Problems, a subcategory 
of the Traveling Salesman Problem (Babicheva et al. 2018). Idle vehicle relocation has 
also been described as the Idle Vehicle Propositioning Problem, as a subcategory of 
Facility Location Problems (Sayarshad and Chow 2017). These problems are NP-hard 
and are notoriously difficult to solve, especially in dynamic settings. For this reason, 
applying heuristics for the dispatching and relocation of vehicles in large cooperative 
fleets is the most common approach in simulation studies of large-scale on-demand 
transport systems.

Network

A directed graph G(V ,E) is used for representing the dynamic transport service net-
work with E being a set of arcs (edges) and V  being a set of vertices. Each vertex v 
represents an intersection between arcs and each arc e is described by its characteristics: 
link length, the maximum allowed driving speed, free flow capacity and the maximum 
parking capacity denoted by �max

e
 . At a discrete moment in time � , the time-dependent 

variables of current driving speed and the current free parking capacity ce(�) describe 
the state of the arc. Furthermore, Z denotes a set of zones, described by the set of arcs 
present in that zone Ez and the time-dependent variables of the current free parking 
capacity of all arcs in zone z, cz(�) =

∑

e∈Ez
ce(�).

Fig. 1   Chain of problems for operating an on-demand transport service: dispatching, routing and relocating
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Demand for SAV

The demand for SAV has been modelled based on the general population dynamics 
implemented in MATSim (see Nagel et al. 2016). In MATSim, travellers follow a daily 
plan, which consists of a set of activities that they want to perform. For each activ-
ity, the location is known, as well as the desired start and end times and the mode the 
agents intend to use to reach the activity. Each traveller memorizes a set of these plans, 
for which the plans can vary in activity start and end times, modal choices or route 
choices, but always show the same sequence of activities. In the course of a repeated 
simulation of the same day, agents can try out different plans and improve parts of the 
plans according to predefined behavioural strategies also known as ‘innovation rules’. 
The plan selection is based on the concept of utility maximisation, as performing an 
activity and travelling towards an activity are scored based on their perceived utility. 
The repeated plan innovation and plan selection in the face of the resulting traffic states 
leads to an optimization of the agents’ plans through the co-evolutionary search for the 
resulting equilibrium (Balmer and Rieser 2009), which is de facto also leading to a user 
equilibrium on the road network.

The demand for SAV is expressed in the form of individual requests. Each individual 
request q ∈ Q is launched by an agent at time step � at a pick-up (origin) location on an 
arc eo

q
 , where Q is the set of all travel requests for SAV rides in the network under con-

sideration. Information concerning the downstream drop-off location of a request is not 
used during the vehicle dispatching and relocating process. All requests that are not yet 
dispatched or are in the process of being dispatched are stored in the time-dependent set 
of open requests Q(�).

Supply of SAV

Each SAV follows, similarly to the travellers, a schedule for the whole day, which is 
imposed on it by a central dispatcher. In contrast to the travellers, who update their 
plans from day to day, the vehicles’ schedules are updated within each simulated day in 
response to passengers’ requests.

The SAV are stored in a set of vehicles K . Each vehicle k ∈ K is described by its 
length, the maximum vehicle speed, its current location denoted by ek(�) and its cur-
rent dispatching status. Vehicles are grouped in subsets according to their dispatching 
status: the subset Kserve(�) , in which all vehicles currently assigned to dispatch a request 
(and are therefore moving—either empty towards a pick-up point or with a passenger 
on-board heading towards the drop-off location) are stored, and the subset Kidle(�) , in 
which all idle vehicles currently not assigned to dispatch a request are stored. The latter 
has a subdivision, the set of vehicles that are not in use and relocating according to one 
of the relocating strategies Kreloc(�) and the vehicles that are idle and parked Kpark(�) . 
Relocating vehicles are, despite being on the move, considered to be idle and can at any 
moment be diverted from their relocation path in order to serve an incoming request. It 
holds that Kserve(�) ∪ Kidle(�) = K and that Kreloc(�) ∪ Kpark(�) = Kidle(�) since these sets 
are mutually exclusive and collectively exhaustive.
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Vehicle relocation heuristics

In regard to the transport service provided by the SAV envisioned in this study, many 
parallels can be drawn between SAV and the current taxis, which also provide on-
demand transport services. For this reason, we include in the review of relocation strat-
egies for SAV also the strategies applied to taxis today. There are multiple heuristic 
vehicle relocation strategies for vehicles of on-demand services, which can be divided 
into two groups: reactive and proactive relocation strategies (Babicheva et  al. 2018). 
Reactive relocation means that vehicles relocate only upon passenger request, while 
proactive relocation strategies relocate vehicles in anticipation of future demand and/
or supply states. In the latter case, the step of relocating and dispatching are intercon-
nected. The different strategies differ also in regard to their overall goal: while some 
aim at increasing the chance for an individual vehicle to be dispatched to requests as 
often as possible, others are designed to improve the overall service of a fleet, to reduce 
undesired externalities or to support scheduled public transport services in regions with 
underdeveloped coverage, e.g. when used as last-mile service.

Two reactive relocations strategies can be distinguished: parking and cruising. Reac-
tive strategies applying “parking” either park idle vehicles at their last drop-off location, 
which in the following we refer to as the strategy Remain, or send them to a taxi stand 
or depot. Though the reactive relocation strategy of parking at the last drop-off location 
is not commonly observed in the operation of demand-responsive transport services, it is 
often selected as a default option in simulation studies featuring SAV or similar on-demand 
transport services (Bailey and Clark 1992; Ben-Dor et al. 2019; Fagnant and Kockelman 
2014; Maciejewski et al. 2016; Winter et al. 2017), implicating that idle vehicles park at 
the last drop-off location regardless of parking (capacity) constraints. The relocation strat-
egy of Cruising is a phenomenon that can be observed in the real world when drivers of 
on-demand transport services are searching for potential customers while avoiding parking 
search and possible parking fees, as is the case for regular taxis, ride-hailing services and 
many para-transit services in the Global South (Anderson 2014). Idle cruising increases 
the driven vehicle mileage and, by this, can contribute to congestion effects, increased fuel 
consumption or energy usage and increased emissions. This strategy has been included in 
simulation studies (Zhang et al. 2016), mainly as a means for benchmarking proposed pro-
active relocation strategies in regard to driven mileage and service efficiency.

In this study, vehicles are assigned to incoming requests according to the “rule-based” 
dispatching strategy described in (Maciejewski et  al. 2016; Maciejewski and Bischoff 
2015). In times of oversupply of vehicles, this dispatching strategy assigns the nearest vehi-
cle to customer requests in a first-in-first-out (FIFO) order of the requests, and in times of 
undersupply of vehicles assigns the next idle vehicle to the closest open customer request. 
In case no open requests remain to be dispatched, the vehicles stay idle at the drop-off loca-
tion of the last request they have been serving, the relocation strategy applied by default in 
the “rule-based” dispatching strategy is thus Remain. The Remain strategy does not take 
into account that in the real world, parking space and road space are limited resources. Let-
ting vehicles simply wait at their latest drop-off location is hence an unrealistic representa-
tion of the operation of SAV or other comparable mobility services. We therefore consider 
three more advanced relocation strategies taking parking constraints into account, which 
we referred to as (1) Demand Anticipation, (2) Supply Anticipation and (3) Demand–Sup-
ply Balancing. A detailed description of these strategies as used in this study and as found 
in the literature is provided in the following sections. The three strategies used in this study 
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are composed of simple heuristic building blocks (described in pseudo-code in Fig.  2), 
making them comparable and traceable. The first strategy aims at placing idle vehicle close 
to future demand, the second strategy aims at distributing idle vehicles throughout the net-
work and the third strategy aims at meeting both goals of the previous strategies by miti-
gating future demand–supply deficits. All strategies are put into action on a zonal level.

The relocation of an idle vehicle k is performed in all cases when there is no pend-
ing unassigned request and the vehicle in question has been serving a passenger request in 
the previous time step and is currently idle. The relocation strategy determines the vehicle 

Fig. 2   Pseudo-code for the relocation strategies simulated in this study
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destination link so that it moves from its current location ek(�) to the selected destination 
arc ed

k
 . The three pro-active relocation strategies analysed in this paper are based on predic-

tions of future demand and supply per zone, for which a rolling horizon time �h is defined, 
where � is a parameter that sets the number of horizon windows considered, each of which 
is h minutes long. For reasons of simplicity, we make usage of our full knowledge about 
future requests, the expected future demand is thus the true demand based on the agents’ 
plans, and not an estimation thereof. The results for this strategy, therefore, are an overes-
timation of the performance of this relocation strategy, which in reality will be subject to 
prediction errors.

Relocation strategy “Demand Anticipation”

Demand-anticipatory strategies relocate vehicles to places where high demand for their 
services is expected in the near future. They can be observed in the real world where on-
demand services are not strictly regulated and drivers have to compete for customers. As 
drivers typically lack information on (future) demand, this can lead to many vehicles head-
ing to the same high demand locations, causing an imbalance in the supply of vehicles, 
which can lead to overall lower system performance, lower service availability in some 
areas, undesired bunching of vehicles in the network and an increase in driven mileage 
(Anderson 2014; Cetin and Deakin 2019; Sayarshad and Chow 2017; Zheng et al. 2018). 
The simulation of demand anticipatory strategies are either based on the assumption of full 
knowledge of the future demand (Hörl et al. 2019; Winter et al. 2017; Zhang et al. 2016), 
or at least of the expected arrival rates (Sayarshad and Chow 2017; Zhang et al. 2016), or 
aim at modelling the risk-taking preferences of the operator (van Engelen et al. 2018). The 
quality of the forecast of demand for SAV depends on the aggregation level of the spatio-
temporal demand forecast. A framework for tackling this problem is presented in Dandl 
et al. (2019). They show that using more aggregated zoning (edge length of 2.5 km) for the 
demand forecast reduces empty mileage and hence improves the service provided by SAV.

For the strategy Demand Anticipation, as formulated in this study, expected future 
requests are determined per zone for the time span between � and � + �h , and are stored 
in the temporary set of cumulative open requests Q[�, � + �h] . From the set of � zones 
with the largest amount of open request, the zone z* closest to the current position of the 
vehicle ek(�) is chosen, under the condition that at there is currently at least one free park-
ing spot available in that zone (see Fig. 2). The distance d to the zone is measured from the 
current location of the vehicle ek(�) and the arc closest to the centre of a zone, ez . Within 
the selected zone, the arc with the largest number of free parking spots at the time step 
� + �h in that zone is selected to be ẽk . The vehicle will relocate to the pick-up location of 
that request and park there upon arrival. To ensure that this will be possible, a parking spot 
is reserved on arc eo

q
 at the time of the selection of the location, to which the vehicle will 

relocate to.
In case that the pick-up location of none of the requests in Q

[

�, �h + �h
]

 is in a zone with 
a residual parking capacity, the vehicle will park in the zone closest to the vehicle with free 
parking. Again, the arc with the largest number of free parking spots at the current time 
step � in that zone is selected to be ẽk.
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Relocation strategy “Supply Anticipation”

Another proactive relocation strategy is the anticipation of the vehicle supply in the net-
work. Such strategies aim at spreading out idle vehicles evenly over the system. This can 
improve the overall service performance and contributes to service availability in areas 
with low demand. Supply-anticipatory strategies require fleet regulation, as it hinders the 
direct competition between the drivers in one fleet. Taxi services with a larger fleet can be 
regulated according to this strategy by distributing taxis over different taxis stands. For on-
demand transport services, this strategy has been simulated mostly on a zonal level (Zhang 
et al. 2016).

The strategy Supply Anticipation aims at an even dispersal of vehicles across the net-
work based on the amount of available parking spots in the zones. For the time span 
between the current time step � and the horizon time � + �h , the expected number of 
parked idle vehicles per zone Kpark

z [�, � + �h] is estimated, based on vehicle schedules 
and the current traffic state. Future scheduling decisions are not considered in this process. 
From the set of ζ zones with the least amount of parked vehicles expected at � + �h , the 
zone z closest to the current position of the vehicle is chosen, under the condition that there 
is currently at least one free parking spot available in that zone, as formulated in Algo-
rithm 2. Within that zone, the arc with the largest number of free parking spots at the time 
step � + �h in that zone is selected to be ẽk . Again, a parking spot for the vehicle is imme-
diately reserved on that arc.

Relocation according to “Demand–Supply Deficit Minimization”

A third proactive strategy combines both perspectives by balancing demand and supply, 
which aims at balancing the anticipated demand and vehicle supply throughout the ser-
vice area in order to ensure a high service efficiency. The implementation of this strat-
egy requires fleet regulation in order to guarantee that drivers relocate to locations that are 
sub-optimal from the driver perspective, but optimal from the system perspective. Various 
heuristics and optimization approaches aiming at balancing the supply and demand have 
been simulated, most commonly either for pick-up stations or on a zonal level (Azevedo 
et al. 2016; Fagnant et al. 2015; Fagnant and Kockelman 2014; Sayarshad and Chow 2017; 
Zhang and Pavone 2016; Zhang et al. 2015).

The strategy of Demand–Supply Deficit Minimization applied in this study is a com-
bination of the two previous relocation strategies. Idle vehicles are sent towards the zone 
with the highest supply deficit in relation to anticipated demand. This deficit is defined as 
the number open requests occurring between the current time step � and the horizon time 
� + �h in zone z, and the number of idle vehicles at � + �h in that zone, similar to the 
“balance value” applied in (Zhang et al. 2015). The zonal demand–supply deficit is based 
on the simplifying assumption that open requests located in zone z are dispatched to idle 
vehicles located within the same zone. This assumption is used in devising the relocation 
strategy and has no impact on the actual request-vehicle matching by the dispatcher at time 
step � + �h.

To determine the deficit value, the number of potentially available vehicles is subtracted 
from the number of open requests for each zone. Out of the set of ζ zones with the largest 
predicted vehicle deficit, thus with the highest deficit value, at time step � + �h , the one 
closest to the current vehicle location ek(�) is assigned as the destination zone z∗ for the 
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relocating vehicle. In case that no zone is predicted to have a vehicle deficit at � + �h , the 
vehicle will relocate within zone zk in which it is currently located. Within the target desti-
nation zone for relocation, the arc with the largest number of free parking spots in that zone 
is selected to be ẽk , as formulated in Algorithm 3. Again, a parking spot for the vehicle is 
reserved immediately on that arc. In case that none of the arcs in that zone has residual 
parking capacity, the vehicle is parked in the closest zone with free parking on the arc with 
the largest number of free parking spots at the current time step �.

Performance and level‑of‑service synthesis

There are several ways of assessing the performance of a relocation strategy, as shown 
in the literature overview of in Table 1. Which strategy might be chosen depends on the 
objective that is formulated for services operated by the SAV. Different perspectives may 
be considered by the various stakeholders, such as the fleet operator, customers, municipal-
ities tendering the on-demand transport services, other road users and residents of the city 
where such services are operated. The relocation of vehicles impacts the service efficiency, 
but also service externalities and service equity. Service efficiency can be defined from 
a user perspective (e.g. in terms of average passenger waiting times per passenger trip) 
or from a supplier perspective (e.g. in terms of the ratio of vehicle–kilometres-travelled 
(VKT) without passengers on-board over the total VKT). The externalities of a service 
operated by SAV are the costs and benefits that affect those not making use of the service, 
which can be for example its contribution to congestion, undesired environmental effects 
or the use of public parking facilities. The equity dimension relates to the distribution of 
benefits and costs of the service over different population groups, notably as varying in 
their residential location. In terms of benefits, it relates to the variation in service quality 
as defined for instance in waiting times. In terms of costs, it relates to the distribution of 
congestion or the spatial pattern of the use of parking facilities. Table 1 provides a brief 
overview of simulation studies of on-demand transport fleets, the applied relocation strate-
gies in these studies, and the key performance indicators employed in the assessment of the 
simulation results.

Case study application

As a simulation environment, the agent-based model MATSim has been used (Horni 
et  al. 2016). The operation of the SAV has been simulated by applying the Dynamic 
Transport Services module of MATSim (Maciejewski 2016). To analyse the impact of 
vehicle relocation strategies on the performance of SAV, the operation of SAV is simu-
lated for a case study centred around the city of Amsterdam. The road network has been 
retrieved from openstreetmap.org (OpenStreetMap Contributors 2018), by superposing 
a coarser network of arterial roads in the metropolitan area with a more detailed net-
work within the city boundaries (Fig. 3a). For analysing the spatial impacts of the dif-
ferent relocation strategies, the municipal area has been divided into zones based on 
the 4-digit postal codes, resulting in 82 zones, as shown in Fig. 3b. The average zone 
size is 2.64 km2 (range: 0.24–13.88 km2; SD: 2.62 km2). The zones used for the relo-
cation strategies are thus not equal in terms of size, population, and parking facilities. 
However, also the current parking zone in the city of Amsterdam is based on the 4-digit 
postal code division for residential on-street parking, and on a clustering of 4-digit 
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postal codes, grouped to 21 different parking zones, for general on-street parking. For 
this reason we use the zonal division by 4-digit postal codes as an input parameter to 
our simulation study as well.

In the following, we describe in more detail the set-up of the simulated scenario, in 
particular in regard to the simulated agents, their behaviour and their usage of SAV. An 
overview of all specifications of the Amsterdam scenario is shown in Table 3.

a network with arterial roads covering the greater 
metropolitan area zonal division (red) of the city of Amsterdam based 
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a network with arterial roads covering the greater 
metropolitan area

b network covering the city of Amsterdam and the 
zonal division (red) of the city of Amsterdam based 
on 4-digit postal codes

c loca�on of the parking facili�es d ini�al parking posi�ons of the SAV
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Fig. 3   a Network, b zones, c parking spots d and initial parking location of the SAV, as well as of the simu-
lated case study of Amsterdam, as well as the e number of passenger pick-up requests of the simulated day 
per zone and f passenger pickup requests per hour (each layer represents a zone)
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Travel demand

The daily activity plans of the agents travelling within the case study network have been 
specified based on the outcome of the Dutch activity-based model ALBATROSS for the 
base year 2004 (Arentze and Timmermans 2004). Its outcome is a travel demand model 
specifying the activities performed by each member of a household, including i.a. the start 
time and end time of the activity, the 4-digit postal code of the activity and the chosen 
travel mode to reach the activity location. The Dutch 4-digit postal code areas are quite 
large (see zonal division shown in Fig. 3). For this reason, we attributed to each activity an 
actual address within the postal code area at random. The ALBATROSS data set has been 
reduced to households in which at least one household member performs at least one activ-
ity within the municipality of Amsterdam. For computational reasons, we simulate only 
20% of the population, therefore each agent is weighted by a factor of five in the simula-
tion. In doing so, we follow common practice (see also Bischoff and Maciejewski 2016b). 
This results in a total of 767,495 agents (represented by 153,499) who perform a total of 
3,776,805 activities on a single day and move either by car, public transport or active mode 
(walking and cycling combined). The majority of the agents are based in Amsterdam, but 
a substantial share arrives from surrounding suburbs and from nearby towns situated in the 
greater metropolitan area. The altered data set used in this study and a detailed description 
of how it has been derived is publically available (Winter and Narayan 2019).

Specification of SAV and their infrastructure needs

Since automated on-demand transport services are not operational as of now, assumptions 
concerning their operational and technical specifications, as well as the assumptions on the 
passengers’ reception of such services remain speculative for the moment. For this reason, 
a simple scenario has been drawn regarding the technical and operational specification of 
SAV and their according infrastructural needs. The assumptions made on AV technology 
and infrastructure needs are reduced in complexity so that the simulation results remain 
traceable and the analytical focus can be put on the relocation strategies.

In this study, SAV are offered as an additional mode alternative to private car, public 
transport and active modes. In terms of vehicle technology, SAV are regarded to be similar 
in their performance to private cars, they achieve thus the same driving speeds and have 
the same physical dimensions. In this study, SAV and private cars share the same road 
infrastructure, it is such a simulation of mixed traffic. In operational terms, the SAV are 
assumed to be operated as a centrally dispatched fleet which allows for sequential vehi-
cle sharing. Car-pooling, i.e. simultaneous vehicle sharing, is thus not considered in this 
study. Vehicles are assumed to fully comply to the dispatcher and operate in a collaborative 
scheme. In regard to their infrastructural needs, it is assumed that they share the road infra-
structure built for private cars and can drive on all links of the road network.

To test the impact of the different relocation strategies, the fleet size has been set to 
12,500 vehicles, which leads to an average passenger-waiting time of 4  min—a value 
which we selected to represent an acceptable level of service. This fleet size for SAV is 
approximately 2% of the simulated fleet size of private vehicles. For these vehicles, 15,000 
curbside parking spots are reserved throughout the network within the limits of the city 
area, their location is shown in Fig. 3c. We generated these parking spots per link-arc based 
on the link length, which therefore determines the storage capacities for idle vehicles per 
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link. These generated parking spots are located in the middle of arcs representing residen-
tial streets situated within the city boundaries on streets with a maximum allowed speed of 
50 km/h. At the beginning of the simulated day, the SAV are parked randomly on the dedi-
cated parking facilities, as shown in Fig. 3d. The amount of dedicated parking spots has 
been selected so that sufficient parking space is provided to the SAV at all times throughout 
the simulation, and so that in addition some extra space is available to efficiently park the 
vehicles according to the relocation strategies. In this scenario, parking spots can be allo-
cated and reserved by the same central dispatcher, who also performs the request dispatch-
ing. We capped the size of the set of candidate zones considered for relocation to three 
( � = 3).

Behavioural model and model specifications

The modal split present in the reduced ALBATROSS data set is not aligned with the modal 
split observed for the city of Amsterdam based on all trips taken within the city as well as 
trips with either their origin or destination within the city boundaries (Gemeente Amster-
dam 2016). To overcome this, the plans of the agents have been calibrated by simulation 
based on the co-evolutionary learning process implemented in MATSim until a modal split 
similar to the one observed for the city of Amsterdam (including walking and cycling, 
which account for large shares of trips performed) has been achieved. The calibration has 
been performed under the conditions that the daily travel pattern remains showing two 
demand peaks due to commuting and that all agents reach their final destination within the 
simulated period. While the Amsterdam scenario has been carefully calibrated to repro-
duce the actual local overall modal shares, the simulated scenario has not been calibrated 
for more detailed traffic and travel data.

Over time, MATSim agents can alter their daily plans following a set of day-to-day 
learning rules. The MATSim-specific settings in regard to this simulated learning-behav-
iour are presented in Table 3. After a completed simulation run of one day, agents either 
select their next plan from a set of plans they have memorized from previous simulation 
runs based on the plans’ scores, or alter parts of their plan according to pre-defined plan-
innovation rules (see Table  3). The learning behaviour simulated in MATSim is based 
on the concept of utility. The utility of performing an activity is described by the activity 
duration, the waiting time in case of arriving too early, a potential delay, a potential early 
departure and the potential reduction of the desired time spend on the activity (Nagel et al. 
2016). The coefficient for the utility of performing an activity, �duration is based on the value 
of the average hourly wage in Amsterdam in the year 2017, which is 16.25 Euro per hour 
(Gemeente Amsterdam 2018). The coefficient for arriving late is weighed three times as 
much as �duration , following the standard MATSim settings and the findings in Börjesson 
et al. (2012). The disutility of travelling depends on travel time and travel costs. The coef-
ficient for travel time �travel_time,m is mode specific, while the one for travel cost �travel_cost is 
generic, based on the assumption that costs are perceived in a rational manner. Additional 
mode-specific preferences are represented by the Alternative Specific Constants (ASCm) . 
The cost parameters and the mode-specific constants for travel time for the modes car, pub-
lic transport, cycling and walking as well as the cost parameters are, where possible, based 
on values reported in literature (van Ommeren et al. 2012) and are presented Table 3.

The values for costSAV are based on values reported for the simulation of comparable 
services, which range between 14 €-cent/km and 91 €-cent/km, with most studies set-
tling at price similar to the one used in our study (see Bösch et al. 2018; Gurumurthy 
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et al. 2019; Simoni et al. 2019). The values for the perceived utility of SAV have been 
set to be the same as the ones for private car, since the way we envision this trans-
port service is most similar to the one of the mode “car” in this model: passengers are 
moved inside a motorized vehicle, which is not shared with strangers, and provides an 
on-demand door-to-door transport service. Currently, the state-of-the-art discrete choice 
models comprising the choice between SAV and the other modes included in this model 
are not unequivocally enough to make an assertive statement about the relative differ-
ence in the perceived utility of SAV and car (Ashkrof et al. 2019; de Looff et al. 2018; 
Simoni et  al. 2019). However, the specified behavioural model serves the purpose of 
creating a test-bed in which strategies for idle vehicle relocation for SAV can be ana-
lysed in regard to their service efficiency, externalities and equity. This can be achieved 
with the simplified model described in Tables  2 and 3. Nevertheless, given the many 
uncertainties linked to the user preferences towards vehicle automation in general, and 
shared automated vehicles in particular, we refrain from analysing the impact of the 
relocation strategies on mode shifts and mode shares. The latter should be included 
in such an analysis once more reliable mode-choice models for SAV are available. 
We should point out that in our case study the applied behavioural model is set in the 
(Dutch) context of the case study and hence the SAV is primarily in competition with 
the longer-distance modes ‘private car’ and ‘public transport’. As a result, the average 
distance for trips taken in SAV is around 12 kilometres, which lies well above the 7.5 
kilometres which mark the threshold distance above which the Dutch population tends 
to switch from active modes (walking and cycling) to car (Ministry of Transport Public 
Works and Water Management 2009).

For this reason, we suppressed mode changes in the final model used to test the relo-
cation strategies. To able to do so, we split the simulation process into three parts: (1) 
In the first calibration phase, we let agents incorporate SAV into their daily plans in 
the course of 76 repeated simulations of one day. During the cause of these simulated 
days, agent mode choice behaviour stabilized, leading to a modal share of 4% for SAV, 
which equals approximately 130,000 trips performed using SAV per day (Table 3). (2) 
The resulting plans of the final simulated day have been used as an input in the second 
simulation phase, in which the same day has been simulated in 16 runs. (3) The output 
of this second round has been used as an input for the final simulation, in which the 
same day is simulated only twice, while suppressing any mode choice innovations. The 
second simulation phase has proven to be necessary due to a particular feature inherent 
to MATSim’s Dynamic Transport Services module, which uses the exponential mov-
ing averages of link travel times over all iterations of a simulation for its dispatching 
algorithm. Without the intermediate step, the output of the last day of the first calibra-
tion phase would not lead to the same results of the first day of the final simulation. The 
applied solution to this problem has also been suggested in (Maciejewski and Bischoff 

Table 2   Constants and 
coefficients specified for the 
utility function formulating the 
mode choice behaviour of the 
agents

Mode ASCm(q) βtravel_time,m(q) βtravel_cost costq

Car 0.0 − 10.7 1 30 €-cent/km
Public transport − 8.3 − 6.65 1 25 €-cent/km
Cycling − 1.0 − 10.7 1 0 €-cent/km
Walking 0.3 − 6.65 1 0 €-cent/km
SAV 0.0 − 10.7 1 30 €-cent/km
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2018). The demand for SAV is shown on a zonal level in Fig. 3e, the temporal distribu-
tion of the requests for SAV are shown in Fig.  3f, in which the requests per hour per 
zone are stacked up on top of each other in layers.

During the learning phase of the agents, the relocation strategy of “demand-anticipa-
tion” has been applied to capture the appropriate agent learning behaviour as a response to 
SAV service that is subject to parking restrictions. We opted for this strategy for computa-
tional reasons, as this strategy shows the shortest computational times (see Table 3). The 
resulting plans of this simulation are used as an input to all following simulations testing 
the different relocation strategies. The input to the scenarios simulating the different relo-
cation studies is thus the output of the simulations performed in the initialisation phases. It 
contains a set of agents and their activity schedules for the simulated day, including their 
travel behaviour. For the simulation of the relocation strategies for SAV, these plans are not 
altered any further, the demand for SAV is thus kept inelastic.

Results

In the following, the results for the three relocation strategies of Demand Anticipation, 
Supply Anticipation and Demand–Supply Balancing are assessed for three categories of 
key-performance indicators (KPI): (1) service efficiency, (2) service externalities and (3) 
the service provision equity. We also include into this discussion the results for the sce-
nario Remain, for which vehicles simply wait at their latest drop-off location, irrespective 
of the availability of parking facilities. The Remain scenario is thus not a valid representa-
tion of the real-life constraints caused by the scarcity of road-space and parking-space. For 
this reason, we focus on the comparison between the three scenarios in which idle vehicles 
have to relocate according to one of the relocation heuristics (Demand Anticipation, Sup-
ply Anticipation and Demand–Supply Balancing), and not on the comparison between a 
situation with and without the relocation of idle vehicles. However, we provide results for 
the scenario Remain in order to allow a comparison also to other simulation studies of 
SAV with this feature. All discussed KPIs are based on the average results of 4 runs. The 
number of necessary runs per relocation strategy has been determined by a two-sided t test 
between means with a 95% confidence interval.

Service efficiency

The service efficiency is measured in KPI describing the quality of service from a passen-
ger’s perspective, as well as KPI showing how efficiently the transport service can be oper-
ated. For an overview of these KPI, see Table 4, as well as Figs. 4 and 5.

Waiting times

The average passenger waiting time tSAV_wait is with 3.5  min the lowest for the strategy 
Demand–Supply Balancing. The highest average waiting time with 4.6 min occurs for the 
strategy Demand Anticipation. The average waiting time for the Supply Anticipation strat-
egy lies with 3.6 min close to the one of the Demand–Supply Balancing strategy. All three 
relocation strategies increase the passenger waiting times in comparison to the Remain sce-
nario, for which the average passenger waiting time is 2.2 min. In regard to 95% percentile 
of the passenger waiting times tSAV_wait_95% , the same trend than for the average passenger 
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waiting time can be observed: with 12.1 min the highest value is reached for the strategy 
Demand Anticipation, with 9.1 min the lowest value for the strategy Demand–Supply Bal-
ancing, closely followed by the one for Supply Anticipation.

We did not set a cap on the maximum waiting times, therefore no requests have been 
declined or cancelled by passengers. This leads to a maximum passenger waiting time of 
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Fig. 4   Average zonal parking usage (solid line) over the course of a simulated day. The 5th–95th percentile 
and 20th–80th percentile is shown by the shaded areas
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189 min in the scenario Remain. For the scenarios with idle vehicle relocation, the long-
est maximum passenger waiting time is reached for the strategy Supply Anticipation 
(278 min), followed by the strategy Demand Anticipation (271 min) and Demand–Supply 
Balancing (252 min). These very long waiting times cannot be interpreted as the expected 
maximum waiting times for an on-demand service operated by SAV, as it is not realistic 
that passengers would wait several hours for their ride to arrive. But these values show the 
extent to which the different strategy disadvantage passengers in different areas, which is 
discussed in more detail in "Service provision equity" section.

Empty driven mileage

The total driven mileage for a fleet of SAV is composed of the VKT with passengers on-
board as well as VKT driven emptily. The ratio between the VKT with and without pas-
sengers on-board is an important KPI for the efficiency of the service. In our scenario, 
the average trip length for trips taken in SAV is approximately 12 kilometres, but the total 
VKT travelled per trip is a threefold of this once idle vehicle relocation is introduced. In 
the course of a day, SAV are driving emptily ( VKTSAV_empty ) for two different purposes: (a) 
moving from the latest drop-off location to the assigned parking spot leads to empty VKT 
due to relocation ( VKTSAV_relocating ) and (b) moving from the parking spot to the next pick-
up location. A leading KPI to measure the efficiency of the operation of an SAV service is 

Fig. 5   Zonal parking space utilisation rate for the three relocating strategies Demand Anticipation, Sup-
ply Anticipation and Demand–Supply Balancing after the evening peak hour (21–22 h). The initial parking 
usage per zone is shown at the top
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the share is of the empty driven mileage VKTSAV_empty of the total driven mileage VKTSAV , 
which varies between 56.1 and 57.1% for all three relocation strategies. If vehicles are not 
relocated, as simulated in the scenario Remain, this ratio drops to 10.2%.

When looking in more detail at what causes the empty VKT, it can be observed that 
the relocation strategy Demand Anticipation has with 70.5% the lowest share of empty 
VKT for relocating vehicles VKTSAV_relocating , and thus, conversely, has the highest shares of 
empty VKT for approaching passengers at their respective pick-up locations. The strategies 
Supply Anticipation and Demand–Supply Balancing have with 75.0% and 75%, respec-
tively, a higher share of empty VKT caused by relocation, and conversely fewer empty 
VKT caused by moving from their parking location to the pick-up locations of their next 
customer.

Trip times

The time for a trip in an SAV experienced by a passenger is a combination of waiting time, 
the time it takes to enter the vehicle (set to 120 s in the simulation), the in-vehicle time 
and the time it takes to exit the vehicle (set to 60  s in the simulation). For the scenario 
Remain, the average in-vehicle time per trip ( ivtSAV ) is 15.4 min, and the average trip time 
is 20.6 min. When introducing idle vehicle relocation, the average trip times increase by 
factor 1.2, with Demand–Supply Balancing leading to an average trip time of 24.8 min, fol-
lowed by Supply Anticipation (25.0 min) and Demand Anticipation (25.3 min). The differ-
ence in trip time between the strategy Demand Anticipation and Demand–Supply Balanc-
ing is 57 s, which translates in our scenario to a difference of 2042 passenger-hours saved 
for users of the SAV in case of the strategy Demand–Supply Balancing. The differences in 
in-vehicle time originate solely from different levels of congestion, which is discussed in 
more detail in the "Congestion" section, since the demand is kept inelastic for the analysed 
case study.

Service efficiency: summary

Concerning service efficiency, it can be concluded that the strategy Demand–Supply Bal-
ancing leads to the shortest average passenger waiting times, which also leads to the short-
est total trip times for the simulated case study. This comes however at the cost of longer 
in-vehicle travel times, which are a result of congestion effects caused by relocating vehi-
cles to areas with high demand, as well as congestion elsewhere in the network due to 
vehicles spreading out in zones with an undersupply of vehicles. These local congestion 
effects due to vehicle bunching are the strongest for the strategy Demand Anticipation, 
which is also the strategy with the longest average passenger waiting time. However, when 
it comes to the shares of empty driven mileage or the time spend on relocating, is the strat-
egy Demand Anticipation the most efficient for the simulated case study, and the strategy 
Demand–Supply Anticipation the least efficient one.

Service externalities

The externalities of SAV relocation strategies are analysed for three aspects: (1) the aver-
age driving speed as a proxy for congestion, (2) the total driven mileage as a proxy for 
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energy consumption and potential emissions and (3) the spatial consumption of curbside 
parking space by SAV. For an overview of these KPI, see Table 5.

Congestion

As already pointed out in the previous section, the different relocation strategies lead to dif-
ferent levels of congestion. In this simulation, potential congestion effects caused by pick-up 
and drop-off situation or potential lower flow density caused by mixed traffic with automated 
and non-automated vehicles are not included, and the presented values might be therefore an 
underestimation of congestion SAV might cause.

The average driving speed of the SAV ( vSAV ) in the scenario Remain is 46.4 km/h. When 
forcing vehicles to relocate when idle, the vSAV goes down by about 17% (see Table 4). Using 
the average speed as a proxy for congestion, it can be concluded that vehicle relocation causes 
undesired externalities in the form of additional disturbances in the network flows. To under-
stand better how and where the different relocation strategies can cause congestion, we ana-
lyse the driving speeds of SAV with and without passengers on-board separately. The aver-
age driving speed for SAV for the scenario Remain is 46.0 km/h with passengers on board 
( vSAV_IVT ) and 50.0  km/h without passengers on board ( vSAV_empty ). When introducing idle 
vehicle relocation, in particular vSAV_empty goes down (roughly by 25% for all relocation strate-
gies compared to the scenario Remain), indicating that vehicles driving empty to and from 
their parking locations experience (and create) more congestion than those serving passenger 
request. The impact on vSAV_IVT on the other hand is less strong, with the percentage differ-
ence being approximately 15% for all strategies compared to the scenario Remain. Looking in 
more detail at the differences between the relocation strategies, it can be observed that for the 
strategies that relocate idle vehicles closer to anticipated future demand (Demand Anticipa-
tion and Demand–Supply Balancing), vSAV_empty is faster than vSAV_IVT , and that the differences 
between these two speeds are more pronounced than for the strategy Supply Anticipation. This 
is a direct result of the boundaries set by the relocation algorithms, which leads in the case 
of anticipated demand to vehicle accumulation in the areas with the highest demand levels. 
As a consequence, idle vehicles are blocking each other when departing from the zones with 
high demand. The strategy Supply Anticipation, on the other hand, creates less of locally con-
centrated congestion, but slows down traffic flows more evenly in the network. The strategy 
Demand–Supply Balancing combines, in regard to congestion effects, the worst of both strate-
gies and leads consequently to the lowest average driving speed.

Table 5   Key Performance Indicators regarding the service externalities for the relocating strategies 
Demand Anticipation, Supply Anticipation and Demand–Supply Balancing 

Demand Anticipation Supply Anticipation Demand–
Supply 
balancing

Average driving speed for SAV: vSAV
(

km

h

)

39.2 39.2 39.1

Average driving speed of SAV with and without 
passengers on-board: vSAV_IVT ;vSAV_empty

(

km

h

) 38.9; 39.6 39.3; 39.1 39.0; 39.2

Total mileage of SAV: VKTSAV (in 1000 km) 3519 3610 3608
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Driven mileage

In this study, the discussion of the effects of vehicle relocation of SAV on energy consump-
tion and emissions is deliberately kept on an abstract level. No assumptions on the source 
of vehicle propulsion for the SAV is made, thus also no assumption on the magnitude of 
energy consumption, fine dust matter in the form tyre debris (see Kole et al. 2017), noise 
pollution (see Campello-Vicente et al. 2017) or other emissions can be made. The impact 
of the relocation strategies is instead based on the total driven mileage as a proxy, which 
can be used as input to any traffic emission estimation model. The total mileage driven by 
SAV is presented in Table 5.

For the scenario Remain, the total VKTSAV for the entire fleet is 1,707,415 km, which 
corresponds to an average of 13.2 km driven per trip served by SAV. When introducing 
idle vehicle relocation, the total VKT increase with more than factor 2. When applying the 
strategy Demand Anticipation, the total VKTSAV is 3,518,975 km, translating to 27.2 km 
driven per served passenger trip. The strategies aiming at spreading out idle vehicles more 
increase the total driven mileage even further, with VKTSAV = 3,609,493 km for the strat-
egy Supply Anticipation and VKTSAV = 3,607,769 km for the strategy Demand–Supply Bal-
ancing, translating to approximately 27.9 km driven per served passenger trip. The results 
of these additionally VKT are overall lower driving speeds, as discussed in the previous 
section.

Parking space consumption

As a third aspect of service externalities, the curbside parking consumption is analysed. 
This analysis is conducted at a zonal level. For each zone, the parking space utilisation rate 
has been determined on a minute basis and is averaged per hour, allowing to trace the park-
ing use over time.

In Fig. 4, the course of the hourly parking usage averaged over all zones is shown. The 
average parking usage follows a similar pattern over the course of the day for the three relo-
cation strategies, and averages to about 65% for all strategies for the whole day. However, 
the distribution of the parking usages for the strategy Demand Anticipation differs strongly 
to the one for the strategies Supply Anticipation and Demand–Supply Anticipation, which 
can be clearly seen when comparing the range of the 5th–95th percentile and the 20th–80th 
percentile. When applying Demand Anticipation, the spatial distribution of idle vehicles 
follows the demand patterns simulated in the case study, which is not evenly distributed, 
as shown in Fig. 3e, f. This leads to parking facilities in zones with high demand getting 
fully used, while parking spots in zones with lower demand remain unused. This effect is 
particularly strong during the off-peak hours, thus the periods in which most vehicle relo-
cations happen, which increases the variance in spatial distribution further.

The parking usage depends on the shape, size and parking capacity of the zones, and is 
thus case-specific. For this reason, it is important to not just look at the average usage over 
zones and its respective variance, but also look at the distribution of zonal waiting times in 
the heat maps shown in Fig. 5. These show that the strategy Demand Anticipation leads to 
a more unbalanced distribution of parked vehicles throughout the city than the other two 
strategies by concentrating idle SAV in high-demand areas in the North of the city, follow-
ing the demand pattern shown in Fig. 3e.

In Fig. 5, the hourly average of parking usage is shown for two moments in time: the 
initial parking usage in the first hour of the simulated day and the parking usage after the 
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evening peak in the 21st hour of the simulated day. We present this hour of the day in more 
detail, as it is the first off-peak hour following the evening peak and thus shows most relo-
cation actions. This leads also to the most unequal distribution of idle vehicles in the even-
ing hours (see Fig. 4), meaning that during this hour the differences for this KPI between 
the different relocation strategies are the most striking. The strategy Demand Anticipation 
leads to more parked vehicles in the centre and the West of the city, while Supply Anticipa-
tion and Demand–Supply Balancing lead to more parked vehicles in the South and East of 
the city, and overall to a more even distribution of idle vehicles in the city area.

Service externalities: summary

In regard to undesired externalities, it can be concluded that the strategy Demand Anticipa-
tion leads to idle vehicle congregating in high demand areas and thus causes local conges-
tion and an uneven usage of the parking facilities, but also creates less congestion in the 
network overall and contributes the least to energy consumption and emissions. The strat-
egy Demand–Supply Balancing, on the other hand, is less favourable for reducing unde-
sired emissions and contributes more to congestion in the network than Demand Anticipa-
tion. The strategy Supply Anticipation causes the highest number of VKT, but outperforms 
the strategy Demand–Supply Balancing in regard to congestion.

Service provision equity

In this study, the service provision equity of the on-demand transport service operated by 
SAV is analysed in regard to the distribution of waiting times. As a KPI, the Gini-index for 
all passenger waiting times Gwait and for the zonal average passenger waiting times Gwait,z is 
used, which are shown in Table 6. The Gini-index (Gini 1912) is a well-known measure of 
inequality, often used in an economic context. A concise description of the Gini-coefficient 
and its applications in the field of transport as a means to measure inequality of accessibil-
ity can be found in (Ben-Elia and Benenson 2019). In short, the Gini-index is a measure of 
distribution, ranging from 0 to 1, with 0 indicating perfect equality and 1 perfect inequal-
ity. The closer the Gini-coefficient is to 0, the more passengers experience similar waiting 
times. A high Gini-coefficient, in turn, represents a situation where people differ substan-
tially in their experienced waiting times. In this study, we use the Gini-coefficient only to 
describe the distribution of waiting times over the whole population, without taking into 
account the differences between people, such as income or mobility needs.

Waiting time distribution

The Gini-index for the passenger waiting times Gwait for the scenario Remain is 0.453, and 
for the average zonal passenger waiting times Gwait,z , the Gini-index is 0.215. For the sce-
narios with idle vehicle relocation, the highest Gini-index, and thus the most unequal dis-
tribution for passenger waiting times occurs when applying the strategy Demand Antici-
pation ( Gwait = 0.554). This is also the strategy that leads to the longest average waiting 
times (Table 4), which shows that the gains in overall reduced waiting times by placing 
vehicles strategically in anticipation of future demand not only comes at the cost of overall 
longer waiting times for passengers, but that these are also particularly unequally distrib-
uted by systematically disadvantaging passengers in zones with lower demand. This can 
be also be seen in the spatial representation of averaged waiting times, where it obvious 
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that passengers in the West of the city benefit from shorter average zonal waiting times 
compared with those in the North-East and South. The lowest Gini-coefficient for the total 
waiting times is achieved with the strategy Demand–Supply Anticipation, which is also the 
strategy leading to the lowest average waiting times (Table 4). In the simulated case study, 
a more equal distribution of all waiting times leads thus to higher efficiency in the service 
operation in regard to average waiting times.

Service provision equity: summary

Regarding the service provision equity, it can be concluded that the strategy Demand–Sup-
ply Balancing not only leads to the shortest waiting times on average, but it also leads 
to the highest service provision equity. When positioning idle vehicles close to future 
requests, as done for the strategy Demand Anticipation, the short approach times which 
can be achieved for customers in high-demand zones come at the cost a those living in low 
demand zones and who consequentially experience very long waiting times. This reduces 
not only the service provision equity, but also increases the average passenger waiting time.

Discussion and conclusion

Impact of idle vehicle relocation

With shared mobility and on-demand transport services gaining steadily more ground, and 
the automation of vehicles pushing into the field of transport as the next ‘disruptive’ tech-
nology, the need for reliable simulation studies for testing operational strategies for AV and 
SAV is increasing. This study has shown that an important component of operating such 
vehicles in a large fleet is the relocation of idle vehicles during off-peak hours. In the urban 
context, space for idle vehicles is scarce and parking is often constrained. The relocation 
of idle vehicles is thus a necessary consequence of real-world parking constraints. For this 
reason, it is important to test for the impact of different relocation strategies when introduc-
ing SAV to a city, and specify them for example in a tendering process or when tailoring 
curbside management strategies. Including vehicle relocation under parking constraints to 
the simulation of the operation of SAV is thus an important step to increase the realism of 
the simulation and consequently improve the analysis of such transport services. For this 
reason, it is not the comparison between the Remain strategy and the simulated relocation 
per-se the subject of analysis, but rather primarily the comparison between the different 
relocation strategies, which take the real-life constraints caused by the scarcity of road-
space and parking-space into account. However, there are two main insights gained from 
referencing the scenarios with pro-active relocation strategies against a situation where 
parking constraints are not accounted for (i.e. Remain): (1) The relocation of idle vehicles 
does not necessarily lead to performance gains for a fleet vehicles providing on-demand 
transport services. As a consequence, there is a risk of overestimating the performance of 
such fleets in simulations in case the relocation of empty vehicles is not accounted for. (2) 
Relocating idle vehicles in a pro-active manner might be outperformed by reactive reloca-
tion strategies in regard to the service efficiency and the total driven mileage. Since this 
finding is case-specific and depends on the spatial and temporal distribution of the demand, 
more research is required in order to determine the conditions under which it is favourable 
to apply reactive or proactive relocation strategies. A remain strategy can be feasible in 
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certain areas where ample curbside parking facilities are available, especially if those are 
to be prioritized for SAV. Such areas are typically located in the outskirts of cities, which 
means that pro-active relocation strategies might be particularly suitable for city centres or 
other areas with little space and high demand. In this study, three pro-active relocation heu-
ristics based on zonal parking availability are compared to each other, in terms of service 
efficiency, service externalities and service provision equity, for a case study based on the 
city of Amsterdam, the Netherlands. Performance differences could be detected regarding 
the quality of the offered service (average passenger waiting times, average trip times), the 
impact on traffic (local congestion, total driven mileage), the parking space usage and the 
spatial service provision equity (distribution of passenger waiting times).

The strategy Demand Anticipation, which relocates vehicles to zones with the high-
est number of upcoming requests, leads to short average passenger waiting times in these 
zones. This, however, comes at the cost of passengers experiencing longer waiting times 
in zones with less demand. This relocation strategy leads, overall, to the longest average 
passenger waiting times, and to the least equal service provision. This strategy also causes 
bunching of vehicles in areas close to demand hotspots, which causes local congestion and 
high usage of parking facilities in those areas. As a consequence for this particular case 
study, vehicles drive shorter distances when empty, leading to more efficient usage of the 
rolling stock, and cause less overall congestion in the network compared to the other two 
relocation strategies.

The strategy Supply Anticipation aims at distributing idle vehicles evenly over the 
zones, irrespective of the expected demand. This strategy leads, in comparison to the other 
two strategies, to the highest number of kilometres driven by SAV per served trip, as the 
SAV have longer access routes for reaching pick-up locations of passengers compared to 
relocation strategies taking into account future demand. This reduces the efficiency of the 
fleet in that regard. However, distributing idle vehicles evenly over zones leads to a more 
balanced usage of parking facilities.

The strategy Demand–Supply Balancing aims at reducing the deficit between future 
demand and future vehicle supply per zone, and thus combines the goals of the previous 
two strategies. The resulting KPI for this strategy are consequently also situated in most 
cases between those of the two previous relocation strategies, with the outcome of the 
Demand–Supply Balancing strategy being much closer to the one of the strategy Supply 
Anticipation than for Demand Anticipation. Two KPIs stand out in this regard, namely the 
empty driven mileage, and the passenger waiting times. This strategy leads to the highest 
value for VKT without passengers on board, which is caused in particular by the relocation 
of idle vehicles. As a consequence, this strategy also leads to the highest congestion levels 
in the network. At the same time, this strategy also leads to the shortest average passenger 
waiting times and the most equal distribution of the latter.

As shown in this study, the underlying principles of a vehicle relocation strategy impact 
the efficiency, externalities and equity of an on-demand service. It depends on the impor-
tance one attaches to these aspects, whether one declares one of these relocation strategies 
to be more beneficial than the others, since the results suggest that none of them outper-
forms the others in all regards. When discussing the introduction of SAV to a city, main 
stakeholders include the (potential) users of the transport service they offer, the operator of 
the service, the planning authority supervising the introduction of the new service to pro-
vide a certain level of service, and the citizens (potential non-users) in the area. From the 
perspective of a service operator, different relocation strategies can prove to be beneficial: 
Demand Anticipation allows to reduce average waiting times in high-demand areas and to 
reduce driven mileage, both contributing to increased service efficiency. For this reason, 
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most current on-demand transport services operated by drivers acting as decision-making 
agents are dominated by this relocation strategy. When drivers are in direct competition 
for passengers with each other, they create a situation closer to a stochastic user equilib-
rium (SUE), which does not necessarily benefit the fleet as a whole. However, once the 
demand, and accordingly the fleet size, reaches a level that the operation of SAV causes 
local congestion, it can be beneficial for an operator to cap the number of idle vehicles in 
high-demand areas and swap to a relocation strategy which spreads out idle vehicles more, 
such as the strategy Supply Anticipation. Increased service efficiency is also beneficial for 
the users of the service in terms of reducing waiting times and in-vehicles times. For pas-
sengers requesting the service in zones with low demand, a relocation strategy distributing 
idle vehicles more evenly is particularly beneficial, as this reduces the waiting times that 
they might experience otherwise. The best results in this regard could be achieved with the 
strategy of Demand–Supply Balancing for the simulated case study.

When taking the perspective of a higher planning authority, for example on a municipal 
level, different objectives could be leading for selecting a relocation strategy. On-demand 
transport shows more fluctuation over time in its performance than scheduled transport, 
especially regarding waiting times and reliability of indicated waiting times. There is no 
clear consensus yet on how to benchmark average waiting times, maximum waiting times, 
reliability of indicated waiting times and updated waiting times for on-demand transport 
services. For the simulated scenarios, the service with the overall shortest trip times (wait-
ing time and in-vehicle time combined) is achieved with the strategy Demand Anticipation. 
This strategy also leads to the lowest value for the total driven mileage, which can be inter-
preted as a proxy for energy consumption and emissions of pollutants and noise caused 
by this transport service. However, in regard to parking consumption, the case could be 
made for different strategies: Supply Anticipation and Demand–Supply Balancing lead to 
the much more equal occupation of parking facilities in spatial terms, which can reduce 
pressure on the parking facilities in popular areas like city centres, and also to a higher 
service provision equity. Another way to look at the bunching of idle vehicles in areas of 
high demand caused by the strategy Demand Anticipation could be to interpret this as a 
“polluter-pays” situation: if users of other modes are not affected by the parking consump-
tion of SAV, e.g. because these park on reserved parking spots or private ground, and the 
local congestion the create SAV does not affect overall network flows, this could also be an 
acceptable solution from the perspective of a planning authority. Which relocation princi-
ple is more favourable for a city’s management of scarce parking facilities depends on the 
local situation, and also in regard to which potential user groups might profit most from 
this. As neither the strategy of Demand Anticipation nor the one of Supply Anticipation 
clearly outperforms the other when taking into account the holistic set of KPI presented in 
this paper, a compromising strategy like the Demand–Supply Balancing strategy has the 
potential to provide the necessary attenuation of undesired effects.

Study limitations and outlook

The analysis of the relocation heuristics is based on the simulation of a case study. This set-
up does not allow to draw universal conclusions, and should be generalized or transferred 
to other contexts with caution. The main limitations of this study are linked to two input 
parameters: (1) the zonal division and (2) the behavioural model used to describe the users’ 
response in the agent-based model.
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(1)	 The zonal division is expected to have an important impact on the working of vehicle 
relocation strategies based on demand and vehicle supply aggregated on a zonal level. 
For this study, the zones have been based on postal code areas which are commonly 
used in the Netherlands for defining parking regulations. However, depending on the 
goal of a relocation strategy, other criteria for the zonal divisions could be selected, 
e.g. a zonal division based on the current quality of scheduled public transport services. 
More research is required to determine the optimal (or good enough) number of zones, 
their size, and their defining principles in order to come to satisfying conclusions on 
zonal relocation strategies under parking constraints.

(2)	 In regard to the behavioural model used, the current state of research on mode choice 
behaviour in an era of SAV is not developed enough in order to confidently apply choice 
models to simulation models. In this paper, basic assumptions have been made about 
the specifications of the SAV service and on the perception of the different elements 
linked to a trip taken in an SAV. As for now, any simulation study featuring SAV can 
only be interpreted in light of the assumptions made for the underlying behavioural 
model.

Further limitations of this study are caused by other simplifications made for the sim-
ulation of the case study, such as that parking spots are dedicated for SAV and can be 
reserved upfront by the operator. Future research into the distribution of parking spots for 
SAV and the allocation of free parking spots will be an important aspect in the develop-
ment of dynamic fleet operation paradigms. This is particularly important if more than one 
fleet of SAV compete with each other for parking space, or if they compete with individual 
drivers of (non-)automated vehicles. Furthermore, the performance of the different reloca-
tion strategies for idle vehicles should also be tested for other operational scenarios, most 
importantly for SAV operated as a pooled service. The operational differences for pooled 
services mainly impact the vehicle routing problem and vehicle dispatching problem, how-
ever, also the performance of vehicle relation strategies can change due to pooling. When 
operating SAV as a simultaneously shared service, instead of a sequentially shared one, 
vehicles likely turn idle less often, and they turn idle at different locations in the network. 
Which relocation strategy performs best in such a setting highly depends on local con-
ditions and should be carefully tested for the different performance indicators presented 
in this study. The analysis in this study is based on one specific case study in order to 
retrace the impact of three simple vehicle relocation heuristics. Based on this set-up, future 
work will investigate further the interplay between the fleet size of SAV and the number of 
reserved parking facilities, and curbside management strategies will be concretized in order 
to test the impact of parking policies for SAV.
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